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Abstract 
Industrial processes cause significant emissions of greenhouse gases (GHGs) to the 
atmosphere and therefore have high mitigation and adaptation potential for global change. 
Spatially explicit (gridded) emission inventories (EIs) should allow us to analyse sectoral 
emission patterns to estimate the potential impacts of emission policies and support decisions 
on reducing emissions. However, such EIs are often based on simple downscaling of national 
level emission estimates and the changes in subnational emission distributions do not 
necessarily reflect the actual changes driven by the local emission drivers. This article presents 
a high-definition, 100-m resolution bottom-up inventory of GHG emissions from industrial 
processes (fuel combustion activities in energy and manufacturing industries, fugitive 
emissions, mineral products, chemical industries, metal production and food and drink 
industries), which is exemplified for data for Poland. The study objectives include elaboration of 
the universal approach for mapping emission sources, algorithms for emission disaggregation, 
estimation of emissions at the source level and uncertainty analysis. We start with IPCC-compliant 
national sectoral GHG estimates made using Polish official statistics and then propose an 
improved emission disaggregation algorithm that fully utilises a collection of activity data 
available at the national/provincial level to the level of individual point and diffused (area) 
emission sources. To ensure the accuracy of the resulting 100-m resolution emission fields, the 
geospatial data used for mapping emission sources (point source geolocation and land cover 
classification) were subject to thorough human visual inspection. The resulting 100-m emission 
field even holds cadastres of emissions separately for each industrial emission category. We 
also compiled cadastres in regular grids and then compared them with the Emission Database 
for Global Atmospheric Research (EDGAR). A quantitative analysis of discrepancies between 
both results reveals quite frequent misallocations of point sources used in the EDGAR 
compilation that considerably deteriorate high-resolution inventories. We also use a Monte-
Carlo method-based uncertainty assessment that yields a detailed estimation of the GHG 
emission uncertainty in the main categories of the analysed processes. We found that the above-
mentioned geographical coordinates and patterns used for emission disaggregation have the 
greatest impact on the overall uncertainty of GHG inventories from the industrial processes. 
We evaluate the mitigation potential of industrial emissions and the impact of separate emission 
categories. This study proposes a method to accurately quantify industrial emissions at a policy 
relevant spatial scale in order to contribute to the local climate mitigation via emission 
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quantification (local to national) and scientific assessment of the mitigation effort (national to 
global). Apart from the above, the results are also of importance for studies that confront 
bottom-up and top-down approaches, and represent much more accurate data for global high-
resolution inventories to compare with.  
Keywords: greenhouse gas emission, industrial sector, manufacturing industry, fugitive 
emission, spatial inventory, uncertainty analysis, Monte-Carlo method. 
1. Introduction 
Atmospheric measurements reveal that the concentration of carbon dioxide (CO2) and 
other greenhouse gases (GHGs) has increased more than 20% compared to 1958 (IPCC 2013). 
This negative tendency causes climatic changes, increased frequency of natural disasters and 
other adverse phenomena (IPCC 2014). Mitigation and adaptation strategies have been 
proposed to minimise global warming and its impact. The international community has signed 
a number of agreements to reduce anthropogenic emissions of GHGs, including the Kyoto 
protocol (UNFCCC 1998) and Paris Agreement (UNFCCC 2015), which introduced 
mechanisms for emission reduction and flexible mechanisms of quota trading.  
An important role in the practical implementation of these mechanisms is played by 
national inventory reports (NIRs) to the United Nations Framework Convention on Climate 
Change (UNFCCC 2017). NIRs are prepared according to GHG inventory guidelines (IPCC 
2006) that also stipulate consideration of inventory uncertainty (IPCC 2001). Hence, the 
national inventories of GHG emissions are key elements in the global system of monitoring and 
control of climate change. The scientific community has intensively engaged in improving 
GHG inventory methodologies, the elaboration of the mathematical models of the emission 
processes and the software tools that support them. The development of the mathematical 
models is an important task in the estimation of emissions, since direct measurements of 
emissions are either too costly or effective methods to achieve it are not known (Le et al. 2015; 
Lamarque et al. 2013).  
The categories of anthropogenic activity that cause GHG emissions are specified in the 
IPCC (2006) Guidelines and are broken up into sectors, subsectors and categories. All these 
emissions are summed up in the NIRs. Industrial processes with fossil fuel combustion, fugitive 
processes and chemical transformation of materials are sources of high anthropogenic GHG 
emissions, and therefore have essential mitigation potential to reduce them. A variety of 
industrial processes that emit GHGs are included in different sectors of activity categories in 
the IPCC (2006) classification. The highest emissions come from electricity generation and heat 
production (~49% of global GHG emissions from the fuel combustion in 2014 (WB 2018)). 
Hence, emissions in the category 1.A.1.a Public Electricity and Heat Production (according to 
the IPCC classification) dominate in practically all NIRs. These kinds of GHG emissions, 
particularly from large point emission sources of electric power plants are, for example, 
assembled in the Carbon Monitoring for Action (CARMA, 2017) database and have been 
analysed in many publications (e.g. Singer et al. 2014; Pétron et al. 2008; Tong et al. 2018; 
Kiemle et al. 2017; Hondo 2005; Topylko et al. 2015), where peculiarities of technological 
processes and fuels were investigated, as well as the mitigation potential for the reduction of 
GHG emissions. However, other industrial emission categories, with a greater variety of GHG 
emission processes, have not been investigated so actively. Pertaining publications include 
those on fugitive emission from the mining industry (Cheng et al. 2011; Shao et al. 2016; Su et 
al. 2005; Warmuzinski 2008), oil and natural gas (Elgowainy et al. 2014; Elkin 2015; Motazedi 
et al. 2017; Park et al. 2010; Szklo & Schaeffer 2007; Schneising et al. 2014), fossil fuel GHG 
emissions from the manufacturing industry (Akbostanci et al. 2011; Griffina et al. 2018; 
Laurent et al. 2010; Lina & Xubc 2018; Pengab et al. 2018; Ren et al. 2014; Tian et al. 2013; 
Yuab et al. 2018), emissions from the mineral products, especially cement (Andrew 2018; Cai 
et al. 2016; Liu et al. 2015; Liu 2016; Rehan & Nehdi 2005; Shan et al. 2016), and metal (Hao 
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et al. 2016; Liu et al. 2016; Shi & Zhao 2016; Yang et al. 2018) and food (Garnett 2011) 
productions. Important information was brought during assessments of mitigation potential of 
the industrial processes on the reduction of GHG emissions (Garnett 2011; Hao et al. 2016; 
Laurent et al. 2010; Liu et al. 2014; Long et al. 2016; Park et al. 2010; Rehan & Nehdi 2005; 
Wu et al. 2016; Yu et al. 2016; Zhang et al. 2016). Furthermore, a recent special issue of Applied 
Energy was published on the recent trends of industrial emissions in developing countries 
(Geng et al. 2016). 
Polish industry plays a vital role in the reduction of GHG emissions and mitigation 
potential at the global scale. Poland, which heavily relies on coal, is among countries, like the 
USA, China, India and Australia, that have to undertake a transition to more environmental-
friendly energy sources and technologies. The share of total emissions from industrial processes 
in Poland (caused by fossil fuel combustion in the energy industry, the manufacturing industry, 
fugitive processes and the chemical transformation of materials) is ~67.3% of the national total 
GHG emissions (NIR 2012). This is why the analysis of GHG emissions from Polish industry 
is of wider importance. 
National inventories of GHG emissions are indispensable for monitoring and control of 
climate change but give no information on the spatial pattern of emissions. Methods of spatial 
inventories have proved to be helpful for policy makers, particularly at regional level (Olivier 
et al. 2005; Andres et al. 2009; Gurney et al. 2009; Gurney et al. 2012; Raupach et al. 2010; 
Rayner et al. 2010; Oda & Maksyutov 2011; Oda & Maksyutov 2015; Puliafito et al. 2015; 
EDGAR 2013; Hutchins et al. 2017, Oda et al. 2018). Another important area where spatial 
inventories are indispensable is the modelling of local GHGs dispersion in the atmosphere in 
order to compare the results with the atmospheric concentration measurements, checking the 
inventory accuracy or improving the emission estimates (Oda et al. 2018; Peylin et al. 2011; 
Liu et al. 2017). This is connected with more and more popular stationary or air-borne 
measurement equipment installed close to strong emission sources. High-resolution inventories 
improve the accuracy of such modelling, particularly due to very nonhomogeneous 
anthropogenic emissions. Industrial processes are not only very dispersed spatial emission 
sources, but also are the main emitters of GHGs (processes of electricity and heat production 
caused 25% of 2010 global GHG emissions; industrial processes of fossil fuels burning, as well 
as chemical, metallurgical and mineral transformation processes not associated with energy 
consumption, caused 21% of the global emissions (EPA 2018)). This makes modelling of the 
GHG emissions from industrial processes an important factor in better understanding and 
assessing the fate of atmospheric carbon. 
As a rule, spatial inventories are given in regular grids, where the cell sizes have decreased 
to 1o latitude and longitude (Andres et al. 1996) and then to 1 km (Oda & Maksyutov 2015). 
Fossil fuel CO2 emissions are the most popular goal of such spatial analysis. To obtain more 
accurate results, the emissions from large point-type sources (especially from fossil fuel 
combustion in electricity generation) are independently assessed and then added to the total 
emissions from the diffused sources in each grid cell. A good example of such spatial data is 
demonstrated by Oda & Maksyutov (2011), who used a point source database and satellite 
observations of night-time lights as proxy data for estimating diffused emissions. Compiled this 
way, a global database ODIAC (Open-source Data Inventory for Anthropogenic CO2) gives a 
very good picture of the spatial heterogeneity of human activities with high-resolution of 30 arc 
seconds latitude and longitude grid (0.9×0.45 km as for Poland). However, it gives no insight 
into the origins of emission categories, as the original focus of the development was a global 
CO2 gridded inventory. Isolations of emissions from industrial processes are possible in the 
Emission Database for Global Atmospheric Research (EDGAR 2013), which contains annual 
grid maps with resolution 0.1o latitude and longitude (emissions of CO2 and other GHGs from 
fossil fuel combustion in the energy industry, manufacturing industry, fugitive emissions from 
solid fuels, oil production and refineries, gas production and distribution, metal processes, non-
metallic mineral processes and chemical processes), and some regional studies (Akimoto & 
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Narita 1994; Bun et al. 2007; Boychuk et al. 2014). A common problem in using the regular 
grid maps of GHG spatial inventories when change of the grid is required, is that these grids 
often differ not only in grid size but also may be displaced in any direction and/or rotated by a 
certain angle, see Verstraete (2017) for discussion of the problems connected with map overlay. 
Another problem is when it is necessary to present the results at the level of administrative 
units, which causes degradation of inventory accuracy due to round-ups, particularly for small 
units.  
In this study, a new high-definition approach to the spatial analysis of GHG emissions 
from industrial processes is proposed. As opposed to traditional gridded emissions, it uses direct 
reference to the point- and area-type emission sources. First, digital maps of emission sources 
are compiled for all activity categories covered by the IPCC Guidelines (IPCC 2006). Using 
Google Earth (TM) for point-type emission sources, and the Corine Land Cover (Corine 2006) 
digital map with resolution 100 m for area-type emission sources, like industrial zones and 
settlements, we formed maps of emission sources for Polish industry. The activity data for the 
estimation of the emissions at the source level are calculated using statistical data available at 
the lowest possible level and disaggregation algorithms with proxy data. On this basis, a high-
definition GHG spatial inventory is obtained. Gridded emissions are formed only in the final 
stage to compute spatial patterns of total emissions from emission sources in different 
categories. Our novel spatial inventory also enables calculation of the total emissions for the 
administrative units, even as small as municipalities, without loss of their accuracy. The 
inventories were compiled for carbon dioxide, methane, nitrous oxide and other GHGs specific 
for industrial processes, as well as the total emissions in CO2 equivalent. In addition, 
uncertainties of the obtained results were assessed and their mitigation potential was evaluated 
both at the emission source and province level according to the IPCC (2001) methodology.  
Our multi-resolution modelling approach for multiple GHG emissions is completely new. 
Gurney et al. (2012) proposed multi-resolution modelling for CO2 emissions from US cities, 
but modelling all the GHG emissions from all IPCC emission categories is new and it offers a 
significant advance both in climate mitigation effort monitoring and in science-based 
assessment of the mitigation effort. Furthermore, our model covers the entire country, which 
allows us to transfer the knowledge from local to national and then to the global level, which is 
also completely novel.  
2. Input data 
 2.1. Study area description 
Poland, with an area of 312 km2 and population over 38 million, is a medium-sized 
country of the EU. Administratively, it is divided into 16 provinces (voivodeships), 380 districts 
(powiats) and 2478 municipalities (gminas). It is the eighth largest economy in the EU. 
The beginning of Polish industry started in the Middle Ages in the Old Polish Industrial 
Region in the northern part of Lesser Poland (Małopolska). Iron ore, copper and silver were 
extracted; steel mills were also located there and weapons were manufactured. In the first half 
of the 19th century, there was a rapid development of the region. The growth was stopped in the 
second half of the 19th century but recovered when Poland became an independent state and the 
Central Industrial Area was established there in the 1930s.  
In the second half of the 19th century, the Upper Silesian Industrial Region was developed 
on the basis of the Upper Silesian Coal Basin. It is now the largest industrial region in Poland, 
with mining, iron and steel, transport, energy and chemical industries. 
Poland's industrial base suffered greatly during World Wars I and II. During the Soviet-
type centralised planned economy, industrialisation of the country was a priority. At that time, 
new industrial regions and areas were developed, connected with exploitation of newly 
discovered mineral resources, like the Bełchatów or Konin regions, where large power plants 
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were built to exploit lignite (brown coal), Legnica-Głogów Copper Area, as well as with large 
agglomerations, like the Warszawa, Łódź, and Wrocław Industrial Regions. 
After a change of the political system in the 1990s, the centralised command economy 
began to be replaced with a market-oriented system. Polish industry underwent a radical 
restructuration, with the privatisation of small and medium state-owned companies. However, 
many large industrial enterprises, including rail, mining and the defence sector, remained state-
owned. An important factor of these structural changes became foreign investment.  
Now, the largest component of the Polish economy is the service sector (~60%), followed 
by industry (~35%) and agriculture (~3%). The mining of coal, which is the main fuel in the 
production of energy in Poland, is still an important part of the economy. In 2009, Poland was 
the world's ninth largest hard coal producer, and the second largest coal consumer in Europe 
behind Germany. A total of 81% of the electrical energy in 2014 was produced from coal 
combustion, while only 4% came from gas and 1% from oil combustion. The remining 14% of 
electrical energy came from renewables (IEA 2016). The Bełchatów Power Station in the Łódź 
region is the largest lignite-fuelled power plant in Europe and supplies almost 20% of Poland's 
energy. Iron and steel, copper, cement and glass production are other developed sectors. The 
other main industries include machine building, chemicals and food processing.  
A distinguished feature of Polish industry is its high spatial concentration around mining 
areas, large towns and important transportation areas. 
2.2. Input datasets: Statistical data and high-resolution maps of emission sources 
This study is devoted to all categories of industrial activity covered by IPCC Guidelines 
(IPCC 2006), see Fig. 1: (1) fuel combustion activities that include electricity and heat 
production, manufacturing industry and construction, as well as petroleum refining and the 
manufacturing of solid fuels; (2) fugitive emissions connected with production, storage and 
distribution of solid fuels, oil, and natural gas; and (3) industrial processes, including the 
production of mineral products, like cement, lime, limestone, glass and so on, chemical 
processes connected with the production of ammonia, nitric acid, carbide, and metal production, 
including iron and steel, ferroalloys, aluminium and so on, as well as the production of pulp 
and paper, and food and drink. 
IРСС Guidelines define the calculation of emissions as multiplication of the activity data 
for analysed categories by the corresponding emission factors. In this study, we used official 
statistical data on the economic activities and the emission factors specific for the considered 
region. Statistical data from GUS (2016) and BDL (2016) were acquired from the lowest 
possible levels (municipalities, sub-regions and so on) to minimise the data disaggregation 
depth. Emission coefficients were generally taken from IPCC (2006) and NIR (2012). However, 
we made an effort to use all available data on regional practices of fossil fuel and raw materials 
usage. We also used the Corine (2006) Land Cover vector digital map with a resolution of 
100 m and an accuracy of 87.82% (Büttner et al. 2012). This map was used for the creation of 
the industrial zones and settlements as polygons that form the elementary emission sources. We 
also implemented procedures for disaggregation of the activity data to such polygons.  
The following input data were used for the calculation of emissions for considered GHG 
categories: 
(a) fuel combustion, with the following activities:  
 the categories ‘Electricity generation’ and ‘Public heat production’: the map of the 
power plants as the point-type emission sources and the map of the cities/towns as 
the area-type emission sources; the electricity and heat production at the 
national/provincial levels; the emission coefficients; and the production capacities of 
the power plants and the numbers of the inhabitants in the cities/towns as the proxy 
data (GUS 2016; NIR 2012; IPCC 2006; Topylko et al. 2015); 
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Fig. 1 Emission categories covered by the study, according to IPCC (2006) classification, for 
different types of GHGs emitted (in blue) 
 
 the category ‘Petroleum refining’: the map of the refineries as the point-type emission 
sources; the crude oil refined at the national and provincial levels; the emission 
coefficients; and the production capacities of the refineries as the proxy data (GUS 
2016; NIR 2012; IPCC 2006; Halushchak et al. 2015); 
 the category ‘Manufacturing of solid fuels’: the map of the coke plants as the point-
type emission sources; the coke produced at the national level; the emission 
coefficients; and the production capacities of the coke plants as the proxy data (GUS 
2016; NIR 2012; IPCC 2006; Halushchak 2017); 
 the categories ‘Iron and steel’, ‘Non-ferrous metals’, ‘Chemicals’, ‘Pulp, paper and 
print’, ‘Food processing’: the maps of the plants as the point-type emission sources, 
and the maps of the industrial areas and settlements as the area-type emission sources; 
the fossil fuels used at the national and provincial levels; the emission coefficients 
(Corine 2006; GUS 2016; NIR 2012; IPCC 2006); the amount of manufactured 
products, the production capacities and the gross value added at the sub-provincial 
level (GUS 2016; BDL 2016; Halushchak et al. 2016) as the proxy data;  
(b) fugitive emissions:  
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 the category ‘Coal mining and handling: mining and post-mining activities’: the map 
of the mines as the point-type emission sources; the coal produced at the national and 
provincial levels; the emission coefficients; the production capacities as the proxy 
data (GUS 2016; BDL 2016; NIR 2012; IPCC 2006; Halushchak 2017); 
 the category ‘Coke oven gas subsystem’: the map of the coke plants as the point-type 
emission sources; the coke produced at the national level; the emission coefficients; 
and the production capacities of the coke plants as the proxy data  (GUS 2016; BDL 
2016; NIR 2012; IPCC 2006; Halushchak 2017); 
 the categories ‘Oil (production, refining/storage)’ and ‘Natural gas (production, 
distribution)’: the map of the oil and natural gas production fields, and the refineries 
as the point-type emission sources; the oil and natural gas produced at the national 
level; the emission coefficients; and the production capacities as the proxy data (GUS 
2016; BDL 2016; NIR 2012; IPCC 2006; Halushchak et al. 2015); 
(c) industrial processes:  
 the subsector ‘Mineral products’: the maps of the cement, lime, glass and other plants 
as the point-type emission sources; the production at the national and provincial 
levels; the emission coefficients; and the production capacities as the proxy data 
(GUS 2016; BDL 2016; NIR 2012; IPCC 2006; Charkovska et al. 2012; Charkovska 
et al. 2015a); 
 the categories ‘Ammonia production’, ‘Nitric acid production’, ‘Carbide 
production’, and ‘Caprolactam’: the maps of the plants as the point-type emission 
sources; the production at the national and provincial level; the emission coefficients; 
and the production capacities as the proxy data (GUS 2016; BDL 2016; NIR 2012; 
IPCC 2006; Charkovska 2015c); 
 the subsector ‘Metal production’: the maps of the plants for production of the iron 
and steel, ferroalloys, aluminium, lead and zinc as the point-type emission sources; 
the production at the national and provincial levels; the emission coefficients; and 
the production capacities as the proxy data (GUS 2016; BDL 2016; NIR 2012; IPCC 
2006; Charkovska et al. 2015b); 
 the categories ‘Pulp and paper’ and ‘Processes in refinery plants’: the map of the 
plants for pulp and paper production, and the map of the refineries as the point-type 
emission sources; the production at the national and provincial levels; the emission 
coefficients; and the production capacities as the proxy data (GUS 2016; BDL 2016; 
NIR 2012; IPCC 2006; Charkovska et al. 2015b); 
 the category ‘Food and drink’: the map of the settlements as the area-type emission 
sources; the production at the provincial levels; the emission coefficients; and the 
numbers of inhabitants as the proxy data (BDL 2016; NIR 2012; IPCC 2006; 
Charkovska 2017). 
3. Research methods 
3.1. Emission sources and proxy data used 
The method of compiling the high-definition spatial inventory of GHGs for the industrial 
processes with the use of our geoinformation technology is explained in the flow chart in Fig. 2. 
The flow chart presents our general idea of the emission spatial analysis directly at the emission 
source level. It differs completely from the traditional approach of compiling the gridded 
emissions, where analysis is conducted at the regular grid cell level. In our approach, the regular 
cells are introduced only when the total emissions for all sources have been calculated.  
Taking this into account, we focused on a thorough preparation of the emission source 
maps. Many of the industrial emission sources can be treated as point-type ones, including the 
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power plants, the coal mines and the coke plants, the oil and natural gas production fields/wells, 
the refineries, the plants for production of cement, iron and steel, ferroalloys and non-ferrous 
metals, aluminium, lead and zinc, pulp and paper, lime, glass, ammonia, nitric acid, carbide, 
caprolactam and other chemicals (Fig. 3). The horizontal dimensions of these kinds of sources 
(stacks) are small in comparison with the analysed areas. We assembled latitudes and longitudes 
of all these sources and for all categories in Poland using Google Earth and compiled vector 
maps for them. 
It is practically impossible to consider smaller industrial sources, particularly in the 
manufacturing industry and food/drink processing, as point-type objects. Hence, we model 
them as areal (diffused) objects in identified industrial areas or settlements, using the polygons 
of the Corine Land Cover (Corine 2006) map. Each category has, however, its specificity that 
is discussed in the sequel. 
 
 
Fig. 2 Flow chart of the geoinformation technology method for the high-definition 
spatial inventory of GHGs for industry 
 
Pre-processing of the input data includes: creation of the vector maps for the point- and 
area-type emission sources for the investigated categories; pre-processing of the proxy data 
(production capacities of the mines, refineries, plants, the gross value added, the number of the 
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inhabitants and so on) and converting them to the vector maps; as well as disaggregation of the 
activity data to the emission source level. We elaborated disaggregation algorithms for the 
activity data, and mathematical models and algorithms for calculation of the elementary source 
emissions for the point- and area-types using the activity data and the emission factors. In the 
compiled geospatial database of the emission sources, we omitted the categories that do not 
exist in the Polish economy and the categories for which emissions cannot be assessed in 
Poland, for example in emission categories ‘Consumption of Halocarbons’ or ‘Solvent and 
Other Product Use’. All these data are stored directly in a database. 
 
 
Fig. 3 Map of point-type sources of GHG emissions from industrial processes 
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Dependent on the task at hand, we finally create grid cells to combine the calculated GHG 
emissions from diverse sources/categories into a geospatial database of the total emissions from 
the industrial processes. These grid cells are also elements/polygons of the vector map. 
Therefore, it is possible to split the grid cells into smaller irregular elements, for example, when 
any administrative border crosses the cell. Generally, the grid size depends on the task solved 
but cannot be smaller than 100 m, which is the resolution of the input land cover map. Our 
results can be also easily aggregated to administrative units, theoretically without any loss of 
accuracy, because we deal with the vector maps (some inaccuracies may happen in the case of 
multi stock emission sources, see discussion in the sequel). 
 
 
Fig. 4 Map of area-type sources of GHG emissions from industrial processes 
 
3.2. Fuel combustion activities 
Since the data on fossil fuel combustion are available at the national level only (provincial 
level for some categories), we created mathematical models and algorithms for disaggregation 
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of these data to the level of cities and industrial objects, using other statistical data as proxy 
(especially the production capacities, the gross value added, the area of industrial 
objects/territories, the number of the inhabitants in the cities and so on). 
The emission of the g-th GHG from the fuel combustion of the i-th elementary object (the 
point- or area-type emission source) in the energy and manufacturing industry can be calculated 
using a common formula: 



Ff
ifgififIndfInd
Ind
igInd FCDAE ,,,,,,,, ,                                  (1) 
where  O,...N,CH,CO 242g  is the GHG type; Ind   {electricity generation, manufacturing 
solid fuel, petroleum refining, metallurgy, chemicals, food processing, and others} is the 
emission category in the energy and manufacturing industry; f,IndA  is the amount of the f-th 
type fossil fuel used in the emission category under investigation, f {solid fuel, liquid fuel, 
gaseous fuel, biomass}; i,f,IndD  is the disaggregation coefficient, which depends on the 
emission category (see Appendix); i,fC  is the calorific value of the f-th type fuel for the i-th 
source; and ifgF ,,  is the emission factor of the g-th GHG for the f-th fossil fuel and the i-th 
emission source.  
The disaggregation coefficients depend on the category of industrial activity, because 
different statistical data are available for different categories. In some categories, we used the 
point-type emission sources to model emission processes from the large plants (metallurgy, 
chemicals and so on), but in other cases of smaller industrial activity, we used the area-type 
emission sources, as it is impossible to acquire all necessary data for each small enterprise. The 
land cover digital map of Poland was used to identify the industrial zones (the areas with 
industrial activity). 
Therefore, the main approach to the disaggregation of the activity data (the statistical data 
on the fossil fuel combustion) in the industry sector consists of the following steps (we apply 
these steps using created software modules for the geoinformation technology, illustrated in 
Fig. 2): 
1) the available data on the fuel consumed in the large point-type emission sources or the 
data calculated using the production capacities as proxy data are directly used for calculating 
the emissions from these sources; 
2) the residual fossil fuels are disaggregated from the national level (if possible from the 
province level) to the district level using the data on the gross value added as a proxy; 
3) the calculated data on the fossil fuel combustion at the district level are disaggregated 
to the level of industrial zones or settlements using the available data on the area and the number 
of inhabitants as a proxy.  
Emissions from metallurgy industry. Assessment of the GHG emissions in the 
metallurgy industry is important, because this kind of anthropogenic activity includes 
technological processes with energy-intensive and raw material-intensive production. In 
Poland, there are 22 steelworks, including 10 large ones, producing ~80% of all steel products. 
The largest corporation, ArselorMittal, includes four major metallurgy plants - Huta Cedler 
(which is within the 70 largest steelworks in the world), Huta Florian, Huta Sendzimir, and 
Huta Katowice. For assessment of GHG emissions in this sector, we identified the locations of 
the steelworks as the point-type emission sources using Google Earth. On the basis of these 
locations, we marked the corresponding industrial zones as the area-type emission sources in 
the land cover digital map, and calculated GHG emissions according to the amount of 
production (sales) at each metallurgical plant as a proxy (see Appendix). 
Emissions from chemical industry. The chemical industry in Poland is one of the most 
innovative, but at the same time, most environmentally dangerous sector of the economy. The 
largest sources of GHG emissions from the chemical industry of Poland are the Puławy nitrate 
fertiliser plant in the Lublin province (Zakłady Azotowe Puławy), Anwil SA in the Kuyavian-
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Pomeranian province, and ZAK SA in the Opole province. Anwil SA produces ethylene-based 
products as intermediate raw materials for the production of polyamide threads and plastic 
construction elements (caprolactam), ammonium sulfate, as well as non-organic products 
(sulfuric acid, chlorine and sodium hydroxide). The Puławy nitrate fertiliser plant and ZAK SA 
produce nitrogen fertilisers, plasticisers, oxo alcohols and other chemicals.  
In contrast to the metal industry, the number of chemical plants is much greater. The 
production capacities of the 14 largest plants are known, but there are many other plants with 
unknown capacities. We disaggregated the fuel use to the level of the province and sub-regions 
according to the data on the gross value added in the chemical industry. As the share of the 
fossil fuels used by the largest 14 factories was known, we assumed that the remaining fuel was 
combusted in the industrial areas (since emissions from the chemical industry are quite 
unhealthy, most plants are located outside cities). Finally, for the industrial areas (other than 
those where the largest plants are located), we disaggregated the data on the fuel use within the 
sub-regions using the zone area as a proxy. 
Emissions from food processing industry. For this category of anthropogenic activity, 
we assumed that the consumed fossil fuel is spatially distributed in proportion to the number of 
inhabitants in the settlements (see Appendix). We took only settlements with more than 1,000 
inhabitants into account because this industry is mainly located close to large number of 
consumers. In small rural villages, there is less need for industrial food processing. 
3.3. Fugitive emissions 
Mining processes. Mines are assumed to be point-type emission sources. For spatial 
inventory of the fugitive emissions of the g-th GHG from the i-th mine, we used the formula 
igpcoaligmcoaligcoal EEE ,,,,,,,,  , where igmcoalE ,,,  and igpcoalE ,,,  are the annual emissions 
from the mining and post-mining processes,  42 CHCO ,g : 
igmcoalJ
j jcoal
icoalcoal
igmcoal K
P
PA
E ,,,
1 ,
,
,,, 


 

,       
igpcoalJ
j jcoal
icoalcoal
igpcoal K
P
PA
E ,,,
1 ,
,
,,, 


 

, 
where 

coalA  is the annual mining of the coal in Poland, i,coalP  is the annual capacity of the i-
th mine; 
igmcoalK ,,,  and i,g,p,coalK  are the emission factors for the mining and post-mining 
processes, respectively. 
Oil production and refining. To perform GHG spatial inventory for this sector, we 
assembled a map of the oil production fields/wells and a map of the refineries in Poland. We 
assumed that the emission sources are of the point-type. As the proxy data, we used the data on 
the oil production capacities of the fields/wells, and the production capacities of the refineries. 
To compile the spatial inventory of the fugitive emissions of GHG from the oil production 
igpoilE ,,,  and the refining/storage, we used the formulas  
igpoilN
j jpoil
ipoilpoil
igpoil K
P
PA
E ,,,
1 ,,
,,,
,,, 


 

,    
igroilN
j jroil
iroilroil
igroil K
P
PA
E ,,,
1 ,,
,,,
,,, 


 

,   ),( 42 CHCOg , 
where 
igpoilE ,,,  and igroilE ,,,  are the annual emissions of the g-th GHG at the i-th oil production 
field or refinery;  poilA ,  and 

roilA ,  are the total annual production and refining of the oil in 
Poland, respectively; 
i,p,oilP  is the oil production capacity of the i-th field/well; i,r,oilP  is the 
capacity of the i-th refinery; and 
i,g,p,oilK  and igroilK ,,,  are the emission factors of the g-th 
GHG at the i-th oil production field/well or at the i-th refinery, respectively.  
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Natural gas production and distribution. In this sector, we formed a map of production 
fields/wells in Poland. We assumed that the emission sources are of the point-type for the 
production activity, and the area-type for the distribution processes in settlements. As the proxy 
data for the production activity, we used the data on the natural gas production capacities of the 
fields/wells, and for the distribution processes we used the population data and the data on the 
natural gas consumption at the province level. 
3.4. Industrial processes 
Cement production. Most emissions from the cement industry are caused by the clinker 
production as an intermediate mineral in the cement production process (IPCC 2006). The 
Polish cement industry is widely developed in seven of the sixteen provinces. There are eleven 
cement production plants with a full production cycle, one cement grinding plant and one 
alumina cement production plant. The full production cycle comprises all stages of cement 
production, in particular, the processes of clinker calcination and cement grinding (IPCC 2006). 
The largest cement producers are Górażdże Cement S.A. (concern Heidelberg), Lafarge Cement 
S.A. (concern Lafarge), and Grupa Ożarów S.A. (concern CRH). The shares of these groups in 
the national cement production are 26%, 21% and 17%, respectively. We created a map of 
cement plants as the point-type emission sources, formed a set of the input geospatial data, and 
compiled GHG spatial inventory in the cement production category in Poland using the formula 
presented in the Appendix. 
Other industrial processes. We performed similar spatial inventories for other 
categories of economic activity of the industrial sector, which are characterised by a significant 
level of emissions, including the mineral products (lime production, limestone and dolomite 
use, soda ash use, asphalt roofing and glass production), the chemical industry (production of 
the ammonia, nitric acid, carbide and caprolactam and so on), metal production (production of 
the iron and steel, ferroalloys, aluminium, lead and zink), pulp and paper production, and some 
categories of food and drink production. 
 
4. Results 
4.1. Level of emission sources  
We used the prepared input data, maps, disaggregation algorithms of the activity/proxy 
data and models of the emission processes to compile GHG spatial emissions on the source 
level for Poland in 2010 (see the results in Supplementary Materials). They include emissions 
of carbon dioxide, methane, nitrous oxide and other GHGs from all categories of industrial 
processes that are presented in Fig. 1, and for all point- and area-type emission sources depicted 
in Fig. 3 and Fig. 4. 
 
4.2. Total emissions 
For further use, we aggregated the total emissions from all different emission sources 
mentioned above in a regular 0.5’×0.5’ longitude and latitude grid, which has the cell size of 
order 1.0×0.5 km for Poland. The same grid was used in the ODIAC global gridded data on 
GHG emissions (Oda & Maksyutov 2011; Oda & Maksyutov 2015). Instead of a traditional 
raster map, we used our vector map with polygon objects that were cut into smaller areas when 
a cell boundary crossed a polygon. Calculated this way, the total emissions from all categories 
of industrial processes in Poland are depicted in Fig. 5, where it can be noticed that the industrial 
emissions are localised only in the towns and industrial areas. Emissions in these areas are very 
high, particularly those related to the point-type emission sources, which are poorly visible in 
the figure. 
Fig. 6 visualises the emissions from the largest agglomerations of Warszawa, Gdańsk, 
Łódź, Kraków and Katowice, in 3D prism form. Here, the emissions from point-type sources 
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are clearly visible. Differences in the magnitudes of these emissions are so high that the square 
root function was used to scale them. Fig. 6 clearly shows how much the point-type emission 
sources influence the spatial distribution of the emissions. 
 
Fig. 5 GHG total emissions from all categories of industrial processes in Poland, with a 
grid of 0.5’×0.5’ latitude and longitude (≈ 1.0×0.5 km), Gg CO2-eq., 2010 
 
The spatial inventory of GHG emissions at the emission source level gives the possibility 
to aggregate the emissions to the administrative units of different levels (municipalities, districts 
or provinces). Fig. 7 depicts GHG total emissions from all categories of the industrial processes 
in Poland at the provincial level. The emissions from electricity generation are distinguished, 
because these emissions are the highest from all industrial processes. The emissions of methane 
and nitrous oxide from the subsectors of the industrial processes (see Fig. 8) are much smaller.  
4.3. Uncertainty analysis 
Input data, which are used in our mathematical models for GHG spatial inventory, are 
subject to uncertainties (Ometto et al. 2015; White et al. 2011) that reflect the lack of our 
knowledge regarding emission processes. Hence, estimation of the GHG inventory uncertainty 
should be an integral part of the spatial modelling of GHG emissions. Uncertainty has a 
significant destabilising effect in the practical implementation of international agreements and 
in setting targets for reducing GHG emissions in the short and long terms. Uncertainty is not 
constant since it changes over time as a result of our "learning" (improving our knowledge of 
the emission processes and the way of compilation of the final inventory reports) and due to 
structural changes of the emissions (such as changes in the structure of consumption of the 
fossil fuels, introduction of low carbon technologies and so on) (Jonas & Żebrowski 2019; 
Jarnicka & Żebrowski 2019). In the spatial analysis of the emission processes, the situation is 
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much more complicated, because in this case, the total uncertainty depends on the uncertainties 
of the emission source and sink geolocations, the uncertainties of the aggregated activity data, 
the uncertainty of the proxy data representation (the uncertainty of the spatial disaggregation of 
the activity data), the uncertainty of the proxy data values, the uncertainty of the proxy data 
geolocation, and the uncertainty of the emission factors (Hogue et al. 2016; Hogue et al. 2019; 
Bun at al. 2019; Zheng et al. 2017).  
 
 
Fig. 6 3D prism maps of GHG total emissions from all categories of industrial processes in 
the main agglomerations of Poland, with a grid of 0.5’×0.5’ longitude and latitude 
(≈ 1.0×0.5 km), Gg CO2-eq., 2010, square root scale 
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Fig. 7 GHG total emissions from all categories of industrial processes in Poland at the 
provincial level (electricity generation and other subsectors of the industrial 
processes are presented separately, Gg CO2-eq., 2010, square root scale) 
 
 
Fig. 8 The total emissions of methane (Gg) and nitrous oxide (Mg) from all subsectors of 
industrial processes in Poland at the provincial level (2010; for the methane, the 
scale is raised to the power of 0.3) 
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One of the most important factors influencing the spatial analysis uncertainty is 
misplacement of the emission sources due to errors in their coordination assessment. This 
question is discussed in the sequel on examples from spatial inventory for Poland. In our method 
of accurate location of high-emitting stacks, this error is small at the emission source level of 
modelling. The situation is more complicated in the case of the gridded emissions. Even with 
small location errors, a source may be misallocated to a neighbouring cell. In such a case, the 
absolute misallocation error is smaller for fine grids, but the relative errors are greater. There is 
also a higher probability of misallocation occurrence. For further discussion of this question, 
see Hogue et al. (2016); Hogue et al. (2019); Hutchins et al. (2016). 
There are good and well-founded methods for accurate accounting of the economic 
activity (the production volumes). However, sufficient scientifically grounded methods for the 
estimation of emission coefficients are not always known. It is usually assumed that the input 
statistics, activity and proxy data used in the emission models, and the specific plants’ GHG 
emission factors, are random variables.  
Uncertainty analysis of the activity data in the Polish industrial sector is fully carried out 
during preparation of the NIRs on GHG emissions. According to these estimates, the relative 
uncertainty of the statistical data for various industrial emission processes at the country level 
is in the range of 2-5% (NIR 2012), with a normal distribution and 95% confidence interval. 
This range is typical for the energy industries, manufacturing industries and construction, 
fugitive emissions from coal mining and handling, cement and metal production and chemical 
industry. However, there are some categories with smaller activity data uncertainties (0.5% for 
oil production and refining, as well as for natural gas production and distribution), and some 
categories with higher uncertainties, like lime or soda ash production (10%).  
At the emission category level, the most accurate evaluations of the emission factors for 
carbon dioxide are for gaseous fuels in the energy industry and liquid fuels in the manufacturing 
industry (1%), liquid fuels in the energy industry and solid and gaseous fuels in the 
manufacturing industry (2%), and solid fuels in the energy industry (3%) (NIR 2012). For most 
categories, the CO2 emission factor uncertainties are in the range of 5−10% (fugitive emissions, 
chemical industry and metal production), and the highest is for cement production (15%) (see 
Charkovska at al. 2015b). The uncertainty of the methane emission factor for most sources in 
the industrial processes sector is 20%. The smaller emission factor uncertainties for methane 
are for liquid (13.5%) and gaseous (17%) fuels in the energy and manufacturing industry, and 
for the fugitive emissions from oil and natural gas production (8.1%). The highest emission 
factor uncertainties for methane are for liquid fuels in the energy industry (75%), and the 
fugitive emissions for coal mining and handling (50%).  
To assess GHG emission uncertainty, the Monte Carlo method is often applied. Using 
information on the input parameter uncertainties, estimates of the GHG emission uncertainties 
for different enterprises, regions and the country as a whole, can be calculated this way. On the 
basis of the created geospatial data and the developed approach to the uncertainty analysis of 
GHG emissions, we performed computational experiments to assess emission uncertainties for 
the production of electricity and heat, cement, lime, nitric acid, ammonia, iron and 
agglomerates, fugitive emissions, and for other categories of industrial processes in Poland, 
applying the Monte Carlo method and using the activity data for 2010 at the provincial level 
(see Fig. 9). Symmetric (normal) and asymmetric (log-normal) distributions of the analysed 
parameters, as well as a 95% confidential interval, were used in these calculations. 
We used our GHG spatial inventory results and the data on the relative uncertainties of 
the activities and the emission factors published in NIR (2012) for separate categories of the 
industrial processes (symmetric distribution; 95% confidential intervals) as the input data in 
these calculations. The absolute uncertainties presented in Fig. 9 demonstrate the contribution 
of each subsector to the absolute uncertainty of emissions from the industrial processes.  
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Fig. 9 The absolute uncertainties of GHG emissions from industrial processes at the 
provincial level (Gg CO2-equivalent, 2010): for the total emissions (upper 
legend) and for the main subsectors (lower legend; square root scale) 
 
5. Discussion 
 
5.1. Methods 
 
According to our assumptions, all sources of GHG emissions from industrial processes 
are modelled as point- or area-type sources. The created vector digital maps of the point-type 
emission sources for each category under consideration include the industrial objects with 
significant GHG emissions, concentrated in small physical areas. Many small emission sources 
located in a larger area are more conveniently represented as a single area-type emission source. 
Such emission sources are mainly located within administrative boundaries of cities or 
industrial zones. This form of emission sources and the use of the vector digital maps enabled 
us to depart from the necessity of using regular grids, as in traditional GHG inventory 
approaches. This, in turn, allowed us to significantly increase the resolution of spatial 
inventories. The grid is only used to present the total emissions from very diverse emission 
sources in many categories. 
The data needed for the calculation of emissions at the source level can be found using 
statistical data from the lowest available level (province or sub-region) and certain proxy data 
that reflect the specifics of the analysed processes. In this approach, it is possible to flexibly use 
even the minor data on the specifics of the technological process at each emission source (e.g. 
the characteristics of the specific fuel used, the specifics of the technological process and so 
on), which can be reflected in the final emission coefficients values. Assessment of the absolute 
uncertainties may help in better understanding which industrial processes mainly contribute to 
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the total emissions uncertainty, and which subsectors or emission categories should be first 
approach to decrease the relative uncertainty of the emission factors and activity data. 
 
5.2. Main emission sources 
 
Emissions from electricity generation (145,987.4 Gg CO2-eq. from all point-type 
emission sources in this category in Poland in 2010) form the main share of industrial emissions. 
Most of these emission sources are located in the Silesian (SLK, 32,169.3 Gg CO2-eq.), Łódź 
(LDZ, 24,944.2 Gg CO2-eq.) and Greater Poland (WKP, 22,590.0 Gg CO2-eq.) provinces. The 
coal-fuelled power plants are sources of huge emissions, namely, Bełchatów in Łódź province 
which is the largest power plant in Europe using coal (21,926 Gg CO2-eq.), the Pątnów II power 
plant in the Greater Poland province (17,896 Gg CO2-eq.) and the Rybnik power plant in the 
Silesian province (11,630 Gg CO2-eq.). Public heat production causes much smaller emissions 
(13,968.0 Gg CO2-eq. in total). The highest emissions are in large cities, like Warszawa 
(1,363.8 Gg CO2-eq.), Wrocław (618.7 Gg CO2-eq.) and Katowice (475.2 Gg CO2-eq.). The 
carbon dioxide emissions from the fossil fuel combustion in electricity generation and heat 
production prevail and constitute 99.53% of all industrial emissions under investigation.  
The fossil fuels are also combusted in the petroleum refining and manufacture of the solid 
fuels (8,939.5 Gg CO2-eq. in total). The point-type emission sources of these types, like 
refineries and coke plants, are located only in a few provinces: Masovian (MAZ, 3,734.5 Gg 
CO2-eq.), Silesian (SLK, 3,273.7 Gg CO2-eq.) and Pomeranian (POM, 1,251.0 Gg CO2-eq.). 
The manufacturing industry and construction subsector (30,964.3 Gg CO2-eq. in total) 
includes processes of the fossil fuel consumption in the metal production (iron and steel 
production, non-ferrous metals and so on) mainly in industrial areas (5,897.1 Gg CO2-eq.), in 
the chemical industry, both in the cities and industrial areas (8,152.1 Gg CO2-eq.), in the food 
processing (4,157.3 Gg CO2-eq.), and in others (12,765.7 Gg CO2-eq.). The highest emissions 
in this subsector are in industrialised Silesian (SLK, 7,456.3 Gg CO2-eq.) and Masovian (MAZ, 
6,493.5 Gg CO2-eq.) provinces, and the smallest is in the Podlaskie (PDL, 345.4 Gg CO2-eq.) 
province. 
The fugitive emissions consist mainly of methane (555.76 Gg in total) and carbon dioxide 
(1,812.24 Gg). They come from the point-type emission sources of coal mining and handling 
(339.68 Gg CH4), coke oven gas subsystems (1,623.19 Gg CO2 and 4.36 Gg CH4), oil 
production (185.07 Gg CO2 and 1.96 Gg CH4), oil refining/storage (710.2 Mg CH4) and natural 
gas production (209.05 Gg CH4 and 3.99 Gg CO2). The highest fugitive emissions are in the 
Silesian province (SLK, 9,397.3 Gg CO2-eq., coal mining and handling, coke oven gas 
subsystems), the Subcarpathian province (PKR, 3,175.0 Gg CO2-eq., oil and natural gas 
production) and the Lesser Poland province (MLP, 1,382.3 Gg CO2-eq., oil and natural gas 
production, coke oven gas subsystems).  
The chemical industry is growing in Poland, and it represents all major categories. The 
inorganic chemical industry is based on rich deposits of rock salt and sulfur. The rock salt is 
mined near Inowroław and Kłodawa, while sulfur is mined in the Świętokrzyskie and 
Subcarpathian voivodeships. The production centres of nitrogen fertilisers are Puławy, 
Włocławek, Kędzierzyn-Koźle and Tarnów. The largest production centres of phosphate 
fertilisers are Police, Gdańsk and Tarnobrzeg. The middle part of the country (Warszawa, Łódź, 
Bydgoszcz and Inowrocław) offers various products of organic and inorganic chemistry. 
In the mineral product subsector, the highest emissions come from cement production 
processes (Table 1), with smaller contributions from lime production and limestone and 
dolomite use. In the chemical industry, the highest emissions are from ammonia (4,131.45 Gg 
CO2-eq.), nitric acid (887.14 Gg CO2-eq.) and caprolactam (225.03 Gg CO2-eq.) production. In 
metal production, the highest GHG emissions are from pig iron production in blast furnaces 
(2,857.52 Gg CO2-eq.) and iron ore sinter production (1,454.93 Gg CO2-eq.). The main 
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emission sources are the metalworks of Arcelor Mittal Poland S.A. in Dąbrowa Górnicza and 
Kraków. 
 
Table 1. Main emission sources in categories 2A-2G according to IPCC classification: mineral 
products, chemical industry, metal production and others (Poland, 2010) 
IPCC category 
(Total emissions) 
Main emission sources 
(province) 
Emissions 
Mineral products 
2.A.1 Cement production  
(6,254.56 Gg CO2) 
Cementownia Górażdże (OPL) 
Cementownia Warta (LDZ) 
Cementownia Małogoszcz (SWK) 
1,253.38 Gg CO2 
712.25 Gg CO2 
644.44 Gg CO2 
2.A.2 Lime production 
(1,379.76 Gg CO2) 
KW Czatkowice Sp. z o.o. (MLP) 197.11 Gg CO2 
2.A.3 Limestone and 
dolomite use 
(1,526.87 Gg CO2) 
Elektrownia Rybnik SA (SLK) 
Elektrownia Bełchatów (LDZ) 
Elektrownia Pątnów (WKP) 
165.39 Gg CO2 
155.84 Gg CO2 
127.20 Gg CO2 
2.A.4 Soda ash production 
and use 
(261.15 Gg CO2) 
Soda Mątwy SA (KPM)  130.57 Gg CO2 
2.A.7 Glass production 
(360.98 Gg CO2) 
Pilkington Polska Sp. z o.o.(SWK) 
Euroglas Polska Sp. z.o.o (LBL) 
Saint-Gobain Glass Polska Sp. Z o.o. (SLK) 
48.57 Gg CO2 
45.71 Gg CO2 
42.86 Gg CO2 
Chemical Industry 
2.B.1 Ammonia production 
(3,879.2 Gg CO2; 
10.09 Gg CH4) 
Zakłady Azotowe Puławy S.A. (LBL) 
Anwil S.A. (KPM) 
Zakłady Chemiczne Police S.A. (ZPM) 
1,902.6 Gg CO2-eq. 
1,011.4 Gg CO2-eq. 
486.3 Gg CO2-eq. 
2.B.2 Nitric acid production 
(2,976.97 Mg N2O) 
Zakłady Azotowe Puławy S.A. (LBL) 
Anwil S.A. (KPM) 
Zakłady Azotowe w Tarnowie-
Mościcach S.A. (MLP) 
1,333.85 Mg N2O 
927.35 Mg N2O 
519.41 Mg N2O 
2.B.4 Carbide production 
(2,518.50 Mg CO2) 
Huta Łaziska S.A. 2,518.50 Mg CO2 
2.B.5a Caprolactam production 
(755.15 Mg N2O) 
Zakłady Azotowe w Tarnowie-
Mościcach S.A. (MLP) 
Zakłady Azotowe Puławy S.A. (LBL) 
416.29 Mg N2O 
 
338.84 Mg N2O 
2.B.5b Carbon black production 
(358.16 Mg CH4) 
Carbon Black Polska Sp. z o.o. (PKR) 358.16 Mg CH4 
2.B.5c Ethylene production 
(12.70 Gg CO2-eq.) 
Polski Koncern Naftowy Orlen S.A. (MAZ) 501.80 Mg CH4 
150.54 Mg CO2 
2.B.5e Styrene production 
(489.08 Mg CH4) 
Synthos Dwory Sp. z o.o. (MLP) 489.08 Mg CH4 
Metal Production 
2.C.1a Iron ore sinter 
production 
(1,454.93 Gg CO2-eq.) 
Arcelor Mittal Poland S.A. (D.G., SLK) 
Arcelor Mittal Poland S.A. (Krakow, MLP) 
1,149.21 Gg CO2 
295.51 Gg CO2 
2.C.1c Steel cast production 
(6,846.27 Mg CO2) 
CMC Zawiercie S.A. (SLK) 
CELSA „Huta Ostrowiec” Sp. z o.o. (SWK) 
2,697.83 Mg CO2 
1,660.21 Mg CO2 
2.C.1d Iron cast production 
(22.47 Gg CO2-eq.) 
Odlewnie Polskie S.A. (SLK) 
Odlewnia Żeliwa „Śrem” S.A. (MLP) 
Stalmag Ltd (SLK) 
11.23 Gg CO2-eq. 
7.49 Gg CO2-eq. 
3.75 Gg CO2-eq. 
2.C.1e Pig iron production in 
blast furnaces 
(2,857.52 Gg CO2-eq.) 
Arcelor Mittal Poland S.A. (D.G., SLK) 
Arcelor Mittal Poland S.A. (Krakow, MLP) 
1,964.6 Gg CO2-eq. 
892.98 Gg CO2-eq. 
2.C.1f Basic oxygen furnace 
steel production 
(451.97 Gg CO2-eq.) 
Arcelor Mittal Poland S.A. (D.G., SLK) 
Arcelor Mittal Poland S.A. (Krakow, MLP) 
297.35 Gg CO2-eq. 
154.62 Gg CO2-eq. 
2.C.1g Electric furnace steel 
production 
(350.73 Gg CO2-eq.) 
CMC Zawiercie S.A. (SLK) 
CELSA „Huta Ostrowiec” Sp. z o.o. (SWK) 
102.06 Gg CO2-eq. 
62.80 Gg CO2-eq. 
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2.C.2 Ferroalloys production 
(208.84 Gg CO2-eq.) 
Huta Łaziska S.A. (SLK) 207.52 Gg CO2 
53.21 Mg CH4 
2.C.3 Aluminium production 
 
Huta Aluminium Konin (WKP) 28.72 Gg CO2 
5.95 Mg CF4 
0.431 Mg C2F6 
2.C.5 Zink and lead 
production (215.87 Gg CO2) 
Huta Cynku "Miasteczko Śląskie" (SLK) 
ZM Silesia S.A. Zakład Katowice (SLK) 
91.09 Gg CO2 
62.39 Gg CO2 
Other Technological Processes 
2.D.1a Paper production 
(8.72 Gg CO2; 30.52 Gg SO2; 
24.42 Gg CO;  
16.13 Gg NMVOC; 
6.54 Gg NOX) 
International Paper - Kwidzyn Sp. z o.o. 
(POM) 
532.7 Mg CO2 
1.86 Gg SO2 
1.49 Gg CO 
985.4 Mg NMVOC 
399.5 Mg NOX 
2.D.1b Pulp production 
(1.76 Gg SO2; 4.85 Gg CO;  
1.77 Gg NMVOC; 
881.0 Mg NOX) 
Mondi Świecie S.A. (KPM) 781.0 Mg SO2 
2.15 Gg CO 
784.4 Mg NMVOC 
390.5 Mg NOX 
2.D.2f Sugar production 
(15.79 Gg NMVOC) 
Pfeifer & Langen Glinojeck S.A. (MAZ) 1.72 Gg NMVOC 
 
The GHG total emissions in Poland in 2010 from the mineral products, chemical industry, 
metal production and others (i.e. all categories 2A−2G according to IPCC classification, see 
Figure 1) are 20,670.0 Gg CO2-eq. (19,217.5 Gg CO2, 13.07 Gg CH4 and 3.78 Gg N2O). The 
highest emissions are in the Silesian (SLK, 4,859.8 Gg CO2-eq.), Lublin (LBL, 3,649.3 Gg 
CO2-eq.), Lesser Poland (MAL, 2,437.9 Gg CO2-eq.) and Holy Cross (SWK, 2,430.3 Gg CO2-
eq.) provinces, and the smallest is in the Podlaskie (PDL, 102.3 Gg CO2-eq.) and Subcarpathian 
(PKR, 115.0 Gg CO2-eq.) provinces.  
 
5.3. Comparison with EDGAR inventory data 
 
The results of our spatial GHG emissions from the industrial processes at the emission 
source level (labelled in the sequel as the GESAPU results, which is the acronym of the 
European Union FP7 Marie Curie Actions IRSES project No. 247645) are compared with the 
EDGAR (2013) global gridded emission data. For this comparison, the GESAPU results at the 
level of the point- and area-type emission sources were first aggregated to a 0.5’0.5’ latitude 
and longitude grid, the same as the ODIAC grid (Oda & Maksyutov 2015), and then were 
aggregated again to the EDGAR grid with a resolution of 0.1°0.1° latitude and longitude. As 
we can see in Fig. 10, each EDGAR cell contains exactly 1212=144 GESAPU/ODIAC cells.   
Comparisons for subsectors (Fig. 11) show generally good correlation of the results. The 
highest uncertainties of the gridded emissions are connected with poor localisation of the point-
type emission sources (see also discussion of this problem in Hogue et al. 2016; Woodard et al. 
2015; Zheng et al. 2017), which depends on the grid size (Hogue et al. 2019). The GESAPU 
results are obtained from the spatial inventory at the emission source level, where the point-
type emission sources (here the stacks of the power plants) were inspected individually, that 
highly improved accuracy of the localisation to a few dozen meters (because of multiple stacks 
in most of the power plants that were modelled as one stack with geographical coordinates 
calculated as the geometric mean of all stack coordinates). The EDGAR estimates are based on 
the CARMA (2017) database, which has much higher localisation errors. In the upper part of 
Fig. 11, an example is presented that demonstrates two neighbouring EDGAR cells in the Łódź 
province that suggest a high difference in the results. These cells are connected with the largest 
Polish power plant Bełchatów. In the EDGAR results, the emissions from this power plant are 
placed in the red cell. However, as presented in the enlarged panel on the left, this cell contains 
the town Bełchatów, while the power plant is actually localised a few kilometres to the south 
and should be placed in another cell (the blue one). There are much more erroneous localisations 
of the point-type emission sources in Katowice agglomeration in the figure. The bottom panel 
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(b) of Fig. 11 contains similar misplacements for the manufacturing industry subsector. In the 
EDGAR database, the point-type emission sources of the coke plants and the metal production 
are localised in the red cells, while actually they should be placed a few kilometres to the north, 
in the blue cells.   
 
 
Fig. 10 Illustration of GESAPU results at ODIAC grid (colour cells) and the EDGAR 
grid (white): an enlarged part of the GESAPU total emissions from the 
industrial processes for the industrial part of Silesian province (given also as 
the 3D prism map in the bottom panel of Fig. 6), Gg CO2-eq. per cell, 2010 
 
5.4. Main sources of uncertainty 
 
Analysis of the uncertainties presented in Fig. 9 shows that the highest absolute 
uncertainties of the GHG inventories are in the Silesian province (SLK, 1,549.8 Gg CO2-eq., 
which is obviously caused by the huge industrial potential of this province. The uncertainty of 
the emission from the electricity generation is the highest (1,088.5 Gg CO2-eq.) due to huge 
emissions of carbon dioxide, even if their relative uncertainty is small, and the uncertainties of 
the fugitive emissions (1,041.3 Gg CO2-eq.), which is mainly due to the methane emissions 
from the coal mining and handling and partly by the fugitive emissions from the coke oven gas 
subsystems. Almost half of them are the absolute uncertainties for the Łódź (LDZ, 848.3 Gg 
CO2-eq.) and Greater Poland provinces (WKP, 767.3 Gg CO2-eq.), mainly due to the 
uncertainties of the emissions from electricity generation (844.4 and 764.8 Gg CO2-eq., 
respectively). The smallest absolute uncertainties are for the Podlaskie, Warmian-Masurian and 
Lubusz provinces (PDL, 26.9; WMZ, 30.8; and LBU, 35.3 Gg CO2-eq., respectively). These 
are mostly caused by the uncertainties of the emission processes from electricity generation, 
public heat production and the chemical transformation of materials.  
In almost all provinces, the absolute uncertainties from the electricity generation 
dominate. Only in some provinces are the uncertainties from the fugitive emissions comparable, 
especially in the Silesian (SLK, 1,041.3 Gg CO2-eq., mainly due to emissions from coal mining 
and handling), Subcarpathian (PKR, 409.3 Gg CO2-eq., mainly due to emissions from natural 
gas production) and Lesser Poland provinces (MLP, 165.0 Gg CO2-eq., mainly due to emissions 
from oil and natural gas production, as well as by coke oven gas subsystems). 
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Fig. 11 Comparison of GESAPU and EDGAR results for CO2 emissions from 
power and heat production (a) and the manufacturing industry (b) 
 
The absolute uncertainties of GHG emissions from public heat production are related with 
the use of fossil fuels and are high for the provinces with large urbanised areas, especially in 
the Silesian (SLK, 79.8 Gg CO2-eq.), Masovian (MAZ, 60.6 Gg CO2-eq.) and Lower Silesian 
(DLS, 36.0 Gg CO2-eq.) provinces. The absolute uncertainties of GHG emissions from the fuel 
processing are also due to the fossil fuel use (mainly the solid fuels) for petroleum refining and 
manufacturing of solid fuels in coke plants: Masovian province (MAZ, 126.7 Gg CO2-eq.), 
Silesian province (SLK, 111.2 Gg CO2-eq.) and Pomeranian province (POM, 42.4 Gg CO2-
eq.).  
The absolute uncertainties of GHG emissions from the manufacturing industry are the 
highest for the provinces, where fossil fuels (mainly solid fuels) are used for metal production: 
Silesian province (SLK, 208.9 Gg CO2-eq.), Masovian province (MAZ, 183.9 Gg CO2-eq.) and 
Lesser Poland province (MLP, 88.0 Gg CO2-eq.). The absolute uncertainties of the GHG total 
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emissions that include methane, carbon dioxide, nitrous oxide and other GHGs from the 
industrial processes, like mineral products, the chemical industry, metal production and so on, 
are in the Silesian (SLK, 265.2 Gg CO2-eq.), Lublin (LBL, 223.7 Gg CO2-eq.) and Lesser 
Poland provinces (MLP, 143.5 Gg CO2-eq.). 
 
6. Conclusions 
The main purpose of this study was to present a novel approach to high-definition spatial 
inventory of GHGs from various technological processes in industry and to analyse the spatial 
heterogeneity of these processes when using this approach. This is caused by many factors, but 
primarily is due to heterogeneity of the raw material and human resource locations. 
It is demonstrated in the study that we are able to practically eliminate the uncertainty due 
to point source spatial misallocations, which are present in commonly used global emission 
databases, like EDGAR. Vector digital maps help us to consider the boundaries of 
administrative units even at the lowest level (like municipalities) and aggregate accurately the 
results within these units. At the same time, our high definition spatially-explicit model has 
unique flexibility characteristics, as it is simple to change or form anew the emission field when 
any changes in emission processes are known or detected, by using our geoinformation 
technology. This gives a much better possibility to follow any partial local alterations of 
emissions, due, e.g., to stopping some activities in the considered area. 
Our method is general and can be applied in any other case. However, it requires a rather 
laborious preparation of the geoinformation tools and assembling of possibly the most detailed 
data on emission sources. 
The high-definition GHG spatial inventories from industrial processes for separate 
emission categories, separate GHGs, or separate administrative units of different levels give an 
opportunity to assess their potential for reducing anthropogenic impact on the atmospheric 
carbon content and serve as a tool to support well-grounded decision making. They are also 
important for more accurate modelling of the GHG atmospheric dispersions with high 
resolution. This kind of modelling is important whenever the concentration of GHGs in the 
local atmosphere are measured and the measurements are considered to be used for confronting 
bottom-up and top-down approaches, e.g., to compare/verify the results from modelling and 
measurements, to use inverse methods and so on.  
Our study offers ways to accurately model regional GHG emissions, which is often 
difficult for global emission modelling framework due to the tradeoff between the lack of 
regional details vs. global consistency, and reduce the uncertainties of global emissions. In that 
regard, we also consider the comparison to EDGAR has partially showing how we could 
transfer the knowledge from regional studies to global modelling, because, as stated earlier, the 
lack of regional specificity is one of the major sources of uncertainties in global emissions 
modelling. We also would like to note that although our modelling approach covers the entire 
domain of Poland (national), it demonstrates a way to accurately quantify industrial emissions 
at a policy relevant spatial scale in order to contribute to the local climate mitigation via 
emission quantification (local to national) and scientific assessment of the mitigation effort 
(national to global). 
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Appendix 
Formulas for disaggregation of activity data and emission calculation 
Metallurgy. The disaggregation coefficient 
i,f,metalD  for the f-th type of fossil fuel in 
the i-th metallurgy plant 
i,metal  depends on available data on the production of various types 
of metals, and it can be calculated using the following formulas: 
1) for the industrial zone where is located one of the 10 largest steel mills that produce 
80% of all steel products in Poland:   
   
 ∑
,,,
j jmetal
imetal
metalimetalifmetal
V
V
kD


  ,  
where  imetalV   is the production capacity of the i-th steel mill; metalk  is the known share of 
the metal production for the 10 largest steel mills; 
2) for the smaller industrial objects with unknown production capacities, we use the 
formula: 
   
 
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,,, 1 , 
where 
wr
GVA  is the gross value added in the metallurgy sector of the wr -th subregion in 
Poland, iS  is the area of the industrial zones where steel mill i,metal  is situated. 
Food processing. Disaggregation of the activity data from the province level to the sub-
region level was carried out by using the gross value added as proxy data. Finally, 
disaggregation of the activity data to the settlement level was carried out using the data on the 
number of the inhabitants in the settlements. In this case, the disaggregation coefficient 
i,foodD  
for the activity data in the food processing industry of the i-th settlement is calculated using the 
formula: 


j j
i
r r
r
ifood
P
P
GVA
GVA
D
w w
, , 
where rGVA  is the gross value added in the sub-region where the i-th settlement is situated, 
and iP  is the number of the inhabitants in this settlement. 
Other categories of manufacturing industry. The disaggregation of the activity data on 
the fossil fuels used from the province level to the sub-region level was performed using the 
gross value added as proxy data. Then the fuel was disaggregated to the industrial zones in 
proportion to the areas. Accordingly, the disaggregation coefficient 
i,otherD  for the activity data 
in the other categories of the manufacturing industry of the i-th industrial zone is calculated 
using the formula 


j j
i
r r
r
iother
S
S
GVA
GVA
D
w w
, , 
where rGVA  is the gross value added in the sub-region where the i-th industrial zone is situated, 
and iS is the area of this zone. 
Fuel combustion activity: petroleum refining. To assess GHG emissions from the fossil 
fuels combustion for petroleum refining we used the formula: 
igfrefifreffrefigfref FDAE ,,,,,,,,,  ,    422 ,,∈ CHONCOg , 
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where 
igfrefE ,,,  are the annual emissions of the g-th GHG from the f-th fossil fuel type at the i-
th refinery, ∈f {liquid, gaseous}; frefA ,  are the activity data on the f-th fossil fuel type used 
for the petroleum refining in Poland; 
ifrefD ,,  is the disaggregation coefficient for the f-th fossil 
fuel type for the i-th refinery; 
igfrefF ,,,  is the emission factor of the g-th GHG for the f-th 
fossil fuel type used in the i-th refinery. This emission factor was calculated using the 
production capacities of the refineries as proxy data by the formula  j jrefirefifref PPD ,,,,
, where 
i,refP  is the production capacity of the i-th refinery. 
Fuel combustion activity: manufacturing of solid fuels. To assess GHG emissions 
from the fossil fuels combustion for manufacturing of the solid fuels in the coke ovens we used 
the formula: 
igfcokeifcokefcokeigfcoke FDAE ,,,,,,,,,  ,    422 ,,∈ CHONCOg , 
where 
igfcokeE ,,,  are the annual emissions of the g-th GHG from the f-th fossil fuel type at the i-
th coke ovens, ∈f {solid, liquid, gaseous }; fcokeA ,  are the activity data on the f-th fossil fuel 
type used for manufacture of the solid fuel in Poland; 
ifcokeD ,,  is the disaggregation coefficient 
of the f-th fossil fuel type for the i-th coke oven; 
igfcokeF ,,,  is the emission factor of the the g-
th GHG for the f-th type of fossil fuel used in the i-th coke oven. The disaggregation coefficient 
was calculated using the production capacities of the coke plants as proxy data by the formula 
 j jcokeicokeifcoke PPD ,,,, , where i,refP  is the production capacity of the i-th coke plant. 
Cement production. We applied the mathematical description of the carbon dioxide 
emissions from the cement production at the level of a separate plant as a single point source 
of emission in the GHG spatial inventory. According to it, the carbon dioxide emission is 
calculated as the product of the quantity of the clinker produced, CaO content in the clinker, 
and the cement kiln dust losses, using the formula: 
CKDicemicemcemicem KFDAE  ,CO,,,CO, 2
 
2
, 
where  
2 ,CO, icem
E  is the amount of the annual carbon dioxide emissions from the i-th cement 
plant; cemA  
is the activity data on the clinker production at the national scale; icemD ,  is the 
disaggregation coefficient for the activity data for the i-th cement plant; 
i,,cem
F
2CO
 is the 
emission coefficient for production of the clinker for the i-th cement plant; CKDK  is the 
correction coefficient for the losses of the cement kiln dust (it was assumed that CKDK  
= 1.02). 
The disaggregation coefficient is calculated using the production capacities of the cement plants 
as proxy data using the formula  j jcemicemicem PPD ,,, , where i,cemP  is the production 
capacity of the i-th cement plant. 
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